Abstract-Within the field of Integrated System Health Management, there is still a lack of technological approaches suitable for the creation of adequate prognostic model for large applications whereby a number of similar or even identical subsystems and components are used. Existing similarity among a number of different systems, which are comprised of similar components but with different topologies, can be employed to assign the prognostics of one system to other systems using an inference engine. In the process of developing prognostics, this approach will thereby save resources and time. This paper presents a radically novel approach for building prognostic models based on system similarity in cases where duality principle in electrical systems is utilized. In this regard, unified damage model is created based on standard Tee/Pi models, prognostics model based on transfer functions, and remaining useful life (RUL) estimator based on how energy relaxation time of system is changed due to degradation. An advantage is that the prognostic model can be generalized such that a new system could be developed on the basis and principles of the prognostic model of other systems. Simple electronic circuits, dc-to-dc converters, are to be used as an experiment to exemplify the potential success of the proposed technique validated with prognostics models from particle filter.
I. INTRODUCTION
T HE next evolutionary step in condition based asset management is Integrated System Health Management (ISHM) [1] that attempts to enhance the reliability and safety of systems in critical environments by predicting, detecting, and mitigating undesirable events caused by degradation, fatigue and faults in heterogeneous distributed system (HDS) [2] . In this regard, effective estimation of the remaining useful life of devices and systems rely on the development of prognostic models. This thereby requires extensive efforts to be made toward creating suitable degradation profiles for every subsystem and its components. This is important because if only one component is upgraded, then a new degradation profile will be once again required. Consequently, changes committed to the design of the system will both consume time and incur additional cost, given that the prognostic models will need to be re-upgraded [3] . To effectively overcome these problems, at the highest system level, a system-level reasoning (SLR) can be developed to at least provide the system with significant capabilities that can potentially decrease costs by assigning the system prognostics with a system-integrated prognostic reasoner (SIPR) [1] , [4] . A vehicle-integrated prognostic reasoner (VIPR), for instance, is a NASA-funded effort for developing the next generation VLRS. A typical functional module within the SLR is a system reference model. This system reference model divides the system into partitions and provides the necessary relationships between subsystems for the inference process. This partitioning enables the inference engine to reuse and link the same prognostic models to multiple subsystems and further minimize certification and qualification costs [1] , [4] .
Although various techniques and methods, such as fuzzy [5] , neural network [6] , statistics, etc., have been utilized for the development of ISHM; it still suffers from problems related to inefficient models, uncertainties, and inadequate reasoning as well as being very costly and having time-consuming processes. These problems remain to be addressed, mainly because the prognostics of a system relies heavily on the physics of failure models and degradation profiles that are known to be either inaccurate, inconsistent, or very noisy. We believe that the ISHM system will greatly benefit if the prognostics of a component and a system are perceived as a feature of system rather than a component's physics of failure. An advantage of this approach is that it will enable SLR to develop prognostics for a new subsystem based on a collection of features (encompassing various models/patterns) already known from the previous prognostics of subsystems. In order to fulfill this task, SLR may need to employ similarity measurement and enhanced semantic search techniques in its inference engine and system reference model units. These techniques are used to measure similarities among a number of different subsystems and to automatically search which subsystem best matches the other related subsystems. Then SLR maps the subsystems properties to one another, in order to develop its prognostic model. For instance, Fig. 1 shows four different dc-to-dc converters, all with similar components but different topologies and functions. From a systemlevel point of view, these converters may present similarities in their system-level prognostics, since they all are built from similar components and because they develop similar degradation and failure mechanisms under different working conditions. Therefore, it can be assumed that SLR can link prognostics of these systems to other systems; that, in turn, saves the time and resources needed to develop prognostic models for every system. By using ac and dc circuit theory, the three basic converters [8] .
can be transformed to yield all known transfer functions and further realize a proliferation of 33 topologies. The circuit-based systematic unifying approach offers a novel insight and an alternative interpretation to the origin of 33 topologies including the Zeta, Cuk, ±Luo, CSC, Landsman, and Sepic converters [7] . This means, that only a few unified prognostic models can be used by SLR to cover the prognostics of all 33 different topologies of converters. A similar unifying approach in interoperation systems can be identified in other electrical and electronic systems such as electrical motors, filters, etc. So by having similarities in functions, topologies, components and features will enlighten us on how the prognostics of a system can be fused from the prognostics of other systems.
In this paper, we employ a principle of duality in physics (and circuit and system theories) to assign prognostics of a circuit to its dual version. How we intend to do this is by developing a prognostic model using mathematical modeling of physical systems, graph, and duality theories of a subsystem's topology rather than individual parts of the components. In this regard, standard models provided by circuit and system theories are employed to develop unified damage model using data-driven approach; then transfer function from the unified model is used to develop prognostic model that predict the next failure state of system; finally remaining useful life (RUL) is estimated based on how energy of system is changed due to degradation over the time. For validation purposes, the results are compared with results from prognostic model created using model driven approach enhanced with particle filter. As a limitation, we consider that both a circuit under test and its dual version are comprised from the same components but connected in different topologies with different values as shown in Fig. 1(c) and (d) (in regards to Cuk converter and its circuit).
The duality concept has already been recommended for diagnosing faults. Reference [8] proposes a fault diagnoser based on the duality principle and the optimal control theory for linear systems. However, this paper will present duality applications in system prognostics. Our approach, which ultimately leads to exploiting novelty in system-level reasoning (SLR), is limited to development of a duality-based prognostic model applied to a single phase dc-to-dc Cuk converter and its dual version (D-Cuk) as a case study that presents the feasibility of similarity in linking prognostics of systems to one another.
In Section II, we shall further explain the prognostics of a system. Section III shall cover the principles of duality in electrical systems, along with brainstorming the duality concept of a system's prognostics. The prognostics of dc-to-dc converters with details of Cuk and D-Cuk circuits are explained in Section IV. An algorithm proposed that will help develop the prognostics for a dc-to-dc converter using a duality concept is illustrated in Section V. Section VI discusses the simulation results obtained via validation from Section VII. Lastly, Section VIII covers the conclusion.
II. PROGNOSTICS
In condition-based maintenance, prognostics can be defined as a controlled engineering discipline that focuses on predicting and estimating the future lifecycle of a system or component, i.e., establishing at what point the system/component starts to slowly develop irregularities and faults to the extent where it malfunctions. The predicted lifecycle of a system or component is referred to as the RUL, which is used for making decisions in regards to contingency mitigation and maintenance. There are various scientific techniques used that can help construct the prognostics of a system or a component, including failure mode analyses, early detection of aging signs, and damage propagation models. Failure mechanisms are often used in conjunction with system lifecycle management to create Prognostics and Health Management (PHM) disciplines.
A. Technical Approaches
There are four main technical approaches viable for building prognostic models: 1) data-driven approach that requires lengthy and costly accelerated aging tests and suffers from noisy data [10] - [12] ; 2) model-based approach suffers from complexity and inaccuracies of physical and mathematical models [9] , [13] ; 3) hybrid approaches intend to bring the strength of the first two approaches into one prognostics strategy; however, this is very difficult to achieve for complicated systems [14] - [16] ; and 4) service-based approaches refer to data that are collected during system maintenance. The accuracy related to these data remains to be questionable as it heavily depends on human interaction (i.e., human mistakes). Fig. 2 summarizes the basic knowledge needed to develop data-driven-based and model-based prognostics. The first approach uses a novel technique for creating system-level prognostics, while the other approach is used for validation purposes in this paper. As shown in Fig. 2 , development of prognostic models is generally comprised from number of steps based on recognized techniques in data-mining approaches and RUL estimation methods. The process starts with a model definition step for model-based prognostics that require understanding the physics-of-failure of the component/system. As mentioned in the previous section, it is often a difficult task to establish an accurate physical model. On the other hand, data-driven approaches start with accelerating aging tests followed with preprocessing (filtering) and classification for eliminating noise from collected data and recognizing life durations of compo- nent/system to health states wherever meaningful changes get observed from the collected data. There are various techniques to accelerate aging processes under different working/operational conditions, such as thermal cycling, power cycling, and electrothermal cycling [17] , [18] . It is worth mentioning that there is also an important initial step that involves investigating what signals should be monitored to allow prognostics to be successfully developed based on their features extracted from those signals. This is known as feature extraction step.
B. Developing Prognostic Models
Degradation of the component/system is then formulated (as a damage model) using various stochastic, probabilistic, soft computing methods. For instance, using a particle filter (PF) that is also known as the sequential Monte Carlo method [19] , the previous damage state is used as the prior information to develop the current damage state, and the model parameters are updated by multiplying it with the likelihood. The damage model (f) is given by the following equation:
where C is the cycle (or time step index) that refers to the specific cycle or time that the measurement data from the component/system has been taken, D C is the damage state at cycle C, θ C is a vector of model parameters, and ν C refers to process noise. The created damage model is then used for obtaining the initial threshold, real/nominal RUL, and prognostic model. Suppose the component/system has been monitored by n number of measurement points through its life period collected inside the validation/test data. Each measurement occurs at a specific time index or cycle (C S ). RUL estimation is a process to sweep C S from measurement points 1 to n, and for each particular C S (S between 1 and n), estimate when degradation in the system is progressed to a threshold level (T) where the system is aged enough to be known as a damaged system. Then RUL for each C S is accounted as numbers of iterations that need to be performed from the initial C S to the point that the damaged state propagates to the threshold D T . Based on how degradation is processed in the model, threshold may occur at different cycles (C T ) for different measurement points (C S ) so that C T ≥ C S . For each measurement point (cycle), the distribution of model parameters accounted from previous cycles (measurement points) is expressed as a number of particles and their weights [20] , [21] ; and then, they are propagated toward 
III. PROGNOSTICS OF DUAL SYSTEMS
One of the fundamental properties of systems is duality. This can be consistently observed in systems that have any kind of physics [22] , [23] . This has many implications within mathematics, engineering, and science. Duality relations have been identified between geometric objects, algebraic structures, topological constructs, and various other scientific constructs. In regard to electrical systems, duality relations have appeared in the core principles for any theorem within an electrical circuit analysis, for situations where there is a dual theorem that replaces one of the quantities with dual quantities. Examples of dual quantities in electrical systems are current and voltage, impedance and admittance, meshes, nodes, etc., found in electrical systems (shown in Table I ) [24] .
In regard to duality concepts, if the values of the parameters and topologies of both circuits are linked to one another based on the details shown in Table I , a duality relationship is expected to be found between two electrical circuits. So from a mathematical perspective, dual circuits are known to have the same mathematical model, apart from their parameters differing. Thus, while the functions of the systems are different, their prognostics can still be assigned to each other on the basis that dual relationships are found among the systems, along with the systems having the same mathematical model with dual parameters shown in Table I . This provides us with the required facilities needed to develop the prognostics of a system based on the prognostics of its dual system.
The functionality of a system is well established via graph theory [22] , which illustrates that if the topology of a system is known, the components and devices used in the system need not to be known, given that the nodes voltages and currents of the branches in the circuits are already known. We can, therefore, expect that graph theory will provide us with the information required to construct the prognostics of a system based on its topology rather than concentrating on the integrated devices and components within the system. We can expect that systems sharing similar or dual topologies and mathematical models are likely to share similar prognostics, regardless of the components integrated within the system, thus making it possible to investigate how prognostic models can be constructed from knowing the topology of system rather than having to know the physics of failure of a system. As a result, this makes the process of modeling the prognostics of a system much more feasible and realistic, considering that it saves a substantial amount of time and resources. This is because it avoids shaving to individually test every system to identify its prognostics. Fig. 3 shows an example of dual RLC circuits. Using Kirchhoff's laws in the form of state equation, it can be said that both circuits have the same mathematical model as shown in (1) for circuit in Fig. 3 (a) and (2) for circuit in Fig. 3 
For instance, assuming that a degradation mechanisms is added, R within the circuit of Fig. 3 (a) is aged toward a short circuit (R→ 0), this is turned to a degradation toward an open circuit (1/R→Ý) in the circuit of Fig. 3(b) . This represents the duality principles shown in Table I , thus proving that the resistor (R) is a dual of a conductive (1/R); or in regard to this example, it can be known as the short circuit being the dual of an open circuit.
Similar rules can be applied to more complicated circuits as well, which involve using various components, including capacitors and inductances. The most critical point that must be considered refers to the degradation and failure mechanisms of dual components that are not completely related to one another. For instance, the degradation mechanism of a capacitor is not, in any shape or form, related to degradation mechanisms of inductance.
A solution to this problem would be to rely on Ohm's and Kirchhoff's laws of physics principles. These two well-known laws establish that any electric component can be formulated by using the voltage across the component and the current through the component. An alternative solution would be to use the basic principles related to graph theory's circuit and system design, considering that the behavior of a system is fully formulated if the voltage of all nodes and the current through all the branches in the circuit are also known. This means that the behavior and the function of a circuit can be fully formulated regardless of what components are used in the circuit, as long as all the voltages and currents are known. From a circuit-level point of view, the details required for the developing the prognostic model for a circuit does not necessary need to be known. We essentially use sensors for measuring voltages, currents, temperature, etc. So if we were to base it on the meaning of the sensed values, it would allow us to experience the level of degradation related to a circuit or system of any form, to be interpreted as a circuit not functioning properly. Although this principle can be applied for greater purposes, for example, to design a device-independent prognostic model, this paper will for now mainly concentrate on presenting a realization of duality principles for the development of prognostics for dual circuits.
IV. DC-TO-DC CONVERTER AND ITS DOMINANT FAILURES
A simple building block for power convertor type systems is the dc-to-dc converter. There are various dc-to-dc voltage and current converters that have different topologies. The following topologies can be defined algebraically [25] - [28] , graphically [29] , [30] , or in a matrix form [31] - [33] . It is of significant interest to unify the converter's topological characteristics, relationships, and analysis [34] . In regard to health management, the aim would be to develop a basic structure, model, or concept that encapsulates all the converters, including their prognostics that may have derived from and been mapped from duality principles. This unified model can offer many advantages in developing condition-based monitoring and SLR.
On the basis of what has been already presented in [35] , the underlying concepts related to basic converters can be unified with regard to duality principles and in relation to current-and voltage-source converters. Williams [35] used circuit transformations to unify the basic converters, ultimately showing that other converters are derivable transformation topologies of the basic converter.
This section shows the dominant failures of the Cuk converter, along with how they can be linked to the failures of the D-Cuk. The schematic of the Cuk converter and its dual circuit are presented in Fig. 1(c) and (d) . So Cuk is a step-down/step-up converter that shares a similar switching topology with buck-boost converter, thereby presenting the voltage ratio of a buck-boost converter as [36] 
where v o is the output voltage, v g is the input voltage, D S is the duty cycle of the switch t on /(t on + t off ); and t on and t off are the durations for when the switch is on and off. Equation (3) is calculated based on the principles related to conservative energy. As shown by the equation, the output voltage can be controlled by maintaining the duty cycle of the switch. Depending on what type of switching scheme is used, output voltage can be either higher or lower than the input voltage. The state equations for Cuk converter are [25] . The same equation can be extracted for the dual circuit of the Cuk converter in Fig. 1(d) . However, their parameters are used in a dual form (shown in table I). Y in and Z in are the input admittance and input impedance of the Cuk circuit and its dual circuit.
The components found inside the converters that are mainly damaged refer to the IGBTs and capacitors. The results for the development of model-based prognostics related to a dc-to-dc power converter that focuses on the output filter capacitor component has been presented in [37] and [38] ; however, this paper looks at the failure of converters caused by IGBTs. IGBTs experience a number of failure mechanisms, including bond wire fatigue, bond wire lift up, corrosion of the wires, static and dynamic latch up, loose gate control voltage, etc. We assume that such failure mechanisms can cause IGBTs to function either as an open circuit on a collector-emitter or a device encountering malfunction on its gate-emitter control. For instance, an IGBT's thermal junction is increased due to solder cracks, which become wire bond lift off, resulting to an increase in the resistor, relating to the collector-emitter. As for hot carrier injection, electrical stress is contrary increased, causing a short circuit on the IGBTs gate-emitter junction. This failure leads to the IGBT's gate controllability being missed (loose gate control voltage), causing the IGBT to not function. The result of this effect is that the current through collector-emitter is increased, meaning the resistor of the collector emitter is decreased. We can therefore establish that wire bond lift off and loose gate control voltage are failure mechanisms that have some kind of duality relationship. So while one of them increases the resistor, the other one decreases the resistor. This is why investigations must be conducted to identify how IGBT's failure mechanisms present a duality relationship to one another, which does not reflect with the aim of this paper. We thereby assume that IGBT's failure and malfunction mechanisms are parameters that have duality relationships. Fig. 4 shows IGBT run to failure data relating to four different IGBTs. The following data are very noisy and need to be filtered. However a number of states still continue to exist that can be viewed. These states refer to cracks or wires that were lifted off due to degradation mechanisms. The resulting effects are changes in the IGBT's functionality and changes in the channel resistor of that IGBT. It is assumed that degradation is processed in a form of duality for the Cuk and its dual circuit, which means that if the IGBT of the Cuk experiences degradation toward its open circuit, IGBT of dual circuit of Cuk is degraded toward short circuit. By the time that the IGBTs are damaged, C S and L S are fully charged, as the other energy storage components lost energy, leads to V o hence becoming 0. We assume that IGBT short circuit may have occurred when the current through the collector-emitter exceeded over its limit just before the IGBT was burned out.
Based on the level of accuracy, there are number of models that can be applied to a real capacitor and an inductance. In order to simplify a simulation, we assume that the capacitor and the inductance can both be modeled as in Fig. 5 for the purposes of this paper. The models describe above will present us with a duality relationship found between capacitance and inductance while also presenting the amount of energy lost by the resistors. R 1 typically has very large values, while R 2 has a small value; but due to degradation, these resistors are changed toward either open or short circuits.
V. ALGORITHM TO DEVELOP PROGNOSTICS AND ESTIMATE RUL
The proposed algorithm illustrated in Fig. 6 is devised to develop the damage model, prognostics model, and RUL estimator based on an algorithm shown in Fig. 2 . Using this algorithm, the damage model is created based on a standard Tee/Pi model (see Fig. 7 ), the prognostic model is created based on its transfer functions; and finally, the RUL is estimated based on how the energy is lost or relaxed in the circuit.
A. Damage Model Development
The same process that possesses different sets of run to failure degradation and malfunction profiles is repeated for both the Cuk and its dual circuit. Initially, the components of the circuits are first set to be operating in good condition, then immediately after the time step for the circuit is increased, the components' system such as transfer functions, input and output impedances, and admittances. As a result of the changes encountered by the system during simulation, the system degradation is turned to the transfer functions
So where d is an index of a selected degradation profile, c and dc refer to Cuk and D-Cuk converters, respectively. Whenever d is altered, the time step (t) is reset to zero, which resets the process of the circuit for the new degradation scheme to a healthy condition.
The implication of such a process is to obtain standard Tee and Pi models for the Cuk and D-Cuk converter (as shown in Fig. 7 ). This implies that for each degradation and malfunction profile, there would be a number of time-dependent Tee and Pi models that are fused into a damage model. Various techniques, such as neural network, fuzzy, statistics, etc., among others, can be utilized, where out of all the time-dependent Tee/Pi models, one can generate a universal damage model for the converters (Cuk and D-Cuk). In this case, we use a mean value to simplify and speed up the process of fusing damage models. The created damage model is then analyzed to find which transfer function best presents the features of the circuit's failure. The chosen transfer function is used as a prognostic model by the RUL estimator to predict the future state of failure while it is being excited by validation and test data.
B. Envisioning Features of System-Level Failure
To envision the relevant features of failure determined from the damage model, the converter's time constant τ (referring to how fast the system is charged and discharged) is also measured from changes in i 1 for the Cuk converter (Δi 1 ), and v 2 for D-Cuk (Δv 2 ). Based on the principles of physics, τ is expressed as RC and L/R for capacitive and inductive circuits, respectively. In many circuits, for instance, the Cuk converter, we encounter many more complicated circuits that are modeled as RLC circuit rather than just RC or RL circuits. However, τ does not apply to RLC circuits as it does to RC or RL circuits; but instead, τ is capable of measuring how fast signals are damped in the circuit. As for a series-RLC circuit, for example, attenuation α is R/(2L) and damping factor ζ is α/(2πf 0 ), α is called the nipper frequency, or attenuation, which measures how fast the transient response of the circuit will die away once the stimulus is removed [39] , [40] ; f 0 is the angular resonance frequency that is f 2 0 = 1/(4π 2 LC). By using a duality concept, the attenuation factor can be calculated from 1/(2RC), for parallel-RLC circuit.
The reason for measuring the aforementioned signals and parameters is that it would lead to establishing how energy is transferred between capacitances and inductances and how that transferred energy is lost when the system is also degraded. Then, the time taken for energy to be loss or relaxed is employed to estimate the RUL of the circuit. A circuit can be ultimately simplified as an RLC circuit where the energy is frequently transferred between the capacitor and the inductor and causes the circuit to oscillate/resonate. In this case, the Q factor is a widespread measure used to characterize resonators. It is defined as the peak energy stored in the circuit which is divided by the average energy dissipated in it per cycle at resonance. Thus, low Q circuits are therefore damped and lossy and high Q circuits are under damped. Q is related to bandwidth Q = (2πf 0 )/BW, with BW referring to bandwidth [22] . We expect that due to system degradation, the system-level parameters such as τ , f 0 , α, and ζ and unwanted transient modes will be changed.
C. RUL Estimation at System Level
The RUL of both converters can be successfully estimated by repeating the same process for each measurement point of the test/validation data. In this regard, a real/nominal RUL is assigned to the damage model so that if the damage model (assumed as a black box) is excited by a Dirac function (αδ(t − t s )) at t S while having initial energy E + S −1 , the response of the damage model would be a transfer function (prognostic model) at time index t S , while the energy of the system is also S denote the energy of a system (stored in capacitors and inductors) just after t S −1 and t S , respectively. The Dirac function provides an impulse input of α for the converter over the period of t S > 0 so that circuit is energized at time t S ; and then, energy is relaxed or reduced over time. The time needed where 95% of saved energy has been lost is related to the prognostic model's parameters. If relaxation time is t r , then the nominal/real RUL (known as RUL N ) for the measurement point at t S is related to RUL N (S) ∝t r = t Th -t S ; and t Th is accounted for when 90% of energy is lost from E + s (see Fig. 8 ). Confidence level for RUL can be estimated based on 85% and 95% energy loss (see Fig. 8 ).
Since damage and prognostic models are time-dependent Tee/Pi model and transfer functions, the RUL accounted for current measurement point (S) is different from the one accounted for previous measurement point (S − 1). Once the parameters for the damage model are adjusted for the nominal RUL, the prognostic model can be updated with test data. Then, the RUL for any specific test/validation data at time step t s (RUL V (S)) is estimated based on the time difference to relax (loss) energy in the damage model and the updated prognostic model
To include the dynamics of systems, RUL V (S) is adjusted with working conditions using a fuzzy RUL estimator. The transfer function is excited with the Dirac function and fuzzy values are then assigned to the time difference between energy relaxation time of damage and prognostics models. An advantage of estimating RUL based on the energy relaxation time difference (Δt r ) is that the propagation step (see Fig. 2 ) is eliminated in the RUL estimation by a fuzzy input that feeds the Δt r to fuzzy base knowledge.
Thus, for instance, the fuzzy values represent whether there are small, medium, normal, transient, or big changes experienced at the output of the converters time constant, resonance frequency, attenuation, damping facture of measured signals (τ , f 0, α, ζ), etc. The meaning of the term "normal" in the fuzzy set In fuzzy-based RUL estimation, rules are set by experiments, whereby knowledge can be extracted from the changes experienced in the α and Q that constitute for changes made to all those parameters previously mentioned, for example, bandwidth.α can be used to measure the time that it takes for the circuit to settle down to the steady-state value from when the transient mode is started to be accounted, directly from the measured signal. Then Q is calculated using (2πf 0 L)/R or 1/(2πf 0 RC). The advantage of having Q involved in fuzzy rules is that the effects of degradation on f 0 and BW will be also accounted. Values of R, L, and C in these equations are not the values that are directly available from the circuit shown in Fig. 1 or Pi-or Tee-based prognostic models (see Fig. 7 ) [22] . In order to identify these parameters, more calculations must be carried out at every time that the circuit is degraded. So, it is just Δt r (energy relaxation time difference), τ (time constant), and the amplitude of the measured signal that are used in this paper to set the fuzzy rules. However, as discussed earlier in this section, τ might not be an ideal parameter for RLC circuits, but it does present a similar meaning as an attenuation factor [α = 1/(2τ )]. Fig. 9 presents the proposed fuzzy-based RUL estimator (see Fig. 9 ).
D. Resolving Uncertainties
In reality, the monitored signals are often affected by noise and ripples, thus requiring further care to be provided, such as filtering in order to reduce uncertainties for accurate RUL estimation. In this regard, instead of making direct decisions based on monitored signals, the monitored signals can be shifted in the first-in first-out (FIFO) stack one by one, and the mean value of available data in the FIFO could thus be used for the RUL estimation (see Fig. 9 ). FIFO has a fixed storage length so that shifting a new sample to the FIFO will release the sample that had already been shifted into the stack at the earliest time. The mean value of FIFO captures the trend of signals and eliminates noise, unwanted information, and uncertainties. The estimation of RUL system reasoning will be enhanced as a result of FIFO. The length of FIFO has had a great impact on eliminating noise, but it normally should not take too long to lose trend of system degradation. Additionally, implementing a mean value on the stored data in the FIFO may add a dc/mean value to the estimated RUL. As the dc value is constant (i.e., it is meaningless information), it can be easily eliminated from the RUL.
VI. SIMULATION RESULTS, DISCUSSION, AND VALIDATION
All simulations and experiments are conducted by OrCAD 16.6. Certain values used for Cuk converter devices as well as all the equations depicted in [36] refer to all the simulations in this paper. Only IGBT failure, which is the component that mostly experiences degradation during real time, is included in the simulation, and simultaneously, all other components are assumed to behave as nonaged devices (in all simulations) and that impedance of load remains constant. This degradation is simulated by changes experienced in the IGBT's forward resistor R on , which is utilized in the MATLAB Simulink model of IGBT (see Fig. 10 ). As a switch, IGBT has two working modes-onstate and off-state-that connect and disconnect R on from the rest of the circuit, respectively. Hence, the IGBT's voltage across the collector-emitter is dropped down for the on-state mode as R on has values less than 1 Ω. On the other hand, the IGBT's current through the collector-emitter is dropped down for an off-state mode. Any variation in R on due to degradation causes the on-state and off-state values of the IGBT (V ce and I ce ) to be changed. Hence, V ce-on-state and I ce-off -state could be known as one of the best parameters to monitor IGBT's failure.
A. Parameters for System-Level Prognostics
OrCAD 16.6 presents the simulation results for the Cuk converter, and its dual circuit shown in Fig. 11 , which refer to the circuits in Fig. 1(c) and (d) . In regard to these figures, it can be established that V o1 has the same trend as I o2 ; and the same is true for I in1 and V in2 . These, in turn, reflect the similarities encountered within the transfer functions such as Z, Y, A v , and A i shown in Fig. 12 . Degradation was added to our simulations by changing the IGBT's parameters, such as R on , in such a way that a trend of failure in Fig. 4 could be obtained from the IGBT model in Fig. 10 . To run the simulations faster, we intend to have all 4500 cycles shown in Fig. 4 in just 25 ms. The result from this mapping is that the degradation will be accelerated in such a way that the first degradation will be experienced around 8 ms after exciting the circuit with a step function u(t); however, the threshold needed to estimate whether the IGBT has aged enough to incur damage in an earlier time is around 10 ms. The same lifetime and threshold can be expected from energy transfer and power of C o and L o , respectively, shown in Fig. 13 for Cuk and its dual circuit. As illustrated in Fig. 13 , due to degradation, energy will not be sufficiently transferred to the circuit. This leads us to acknowledge that the health state of a circuit can be just as well understood from knowing the state equations of a circuit, whereby energy signals from storing elements (capacitors and inductors) are used as state variables.
The timings shown from these simulations are not realistic as we accelerated the aging mechanisms in the simulation. Nevertheless, it does clearly prove that the concept of the circuits with duality relationships or even with similarities in components and topologies may also have similar prognostic models. Every signal, energy, and transfer function monitored in the figures has similar information with regard to the effects of degradation of a circuit. However, as a result of the switching scheme of IGBT and energy transfer in capacitors and inductors rapidly changing, some of these parameters are affected by small ripples. However, in most cases, the same trend can be found in all these signals.
As shown in Fig. 12, A v 1 and A i2 seem to be the best for utilizing various parameters such as τ and α, which are required to calculate RUL. The other transfer functions and signals are viewed as noisy data, thus requiring further care to be provided such as filtering in order to reduce uncertainties; hence, FIFO presented in Fig. 9 would be needed to reduce uncertainties caused by them. A v 1 and A i2 in Fig. 12 show that attenuation and damping factors are increased while the IGBT is aged. The result of the IGBT degrading means that the circuit will settle down faster to its usual steady-state mode but have a different steady-state value. This further means that the duration related to the transition mode will be shortened. While the degradation is progressing, it does seem that the degradation appears to be in a trend of several different states rather than the signals slightly increasing or decreasing over time. In other words, there are several degradation domains related to the measured signals during which the signals suddenly drop or rise. The reason for this sudden change can be found in the structure of IGBT and its failure mechanism. So IGBT is constructed on a die, and then a connection is made to the package using a number of wire bonds. As a result of degradation, some of these wires are lifted off, but they are not lifted off at the same time. As soon as some of these wires are lifted off, a new degradation domain is established from the trends found in the signals. Because of this effect, the internal resistor of the IGBT in the model (R on shown in Fig. 10 ) is changed, which leads to α changing as well. We use the same equation of τ , presented in (5) and (6) , to charge and discharge the circuit. This is done to measure α from V o1 and I o2 in Fig. 12 while knowing that α = 1/(2τ ) is for RC or RL circuits. These are equations used for calculating voltage across any capacitor while it is charging or discharging [22] . Hence, this might not be completely correct as the circuit from the perspective of this signal cannot be simplified as parallel or as a series of RC, but it appears to be sufficient to fulfill the proposed RUL estimation algorithm where fuzzy knowledge base is employed
where V st is the steady-state value of V o1 for a particular degradation domain that is progressed and V o1 (0) is the initial value for the V o1 at the beginning of this particular degradation domain. Table II provides values of τ and α for each degradation domain. These values are calculated from the initial and steadystate values, which are directly measured from V o1 in Fig. 12 , and then τ is calculated using (5) and (6) and α = 1/(2τ ). The values show that the time constant is generally decreased while attenuation is increased. 
B. RUL Estimation
The process can be simplified by using A v 1 and A i2 for the RUL estimation by applying fuzzy logic techniques to estimate the remaining lifetime of a circuit, as shown from the algorithm in Fig. 7 . All the input and output membership functions are set in Gaussian form with input fuzzy values as {small, medium, normal, transient, big} and output fuzzy values as {health_state_1, health_state_2, health_state_3, health_state_4, health_state_5}. There are three sets of fuzzy inputs, the attenuation factor, the amplitude of V o1 , and lastly energy relaxation time difference (Δt r ). The output of fuzzy logic is based on the RUL estimation in a fuzzy set. This means that input fuzzy values refer to changes in the trend of A v 1 and A i2 . Output fuzzy values refer to the life state of the circuit such as young for health_state_1 and aged for health_state_5. We also use the number of adverbs and adjectives to address 10% and 90% confidence levels in life estimation based on the time needed for 85% and 95% energy loss (see Fig. 8 ). Rules in the fuzzy knowledge base are in the following form:
where C is the index of a measurement point; i, j, k, and m are the indices of selected membership functions from 1 to 5 for the input and output fuzzy variables of V o1 , α, Δt r , and RUL. We also had the following fuzzy rule in cases where V o1 remains almost the same in steady-state mode and α has a small fuzzy value. This rule means that the life state remains unchanged.
If V o1 (C) is normal and α(C) is small and Δt r is more or less small, then RUL(C) is Life_State(-).
Here, Life_State(-) means that whatever life state RUL had at a previous cycle time will be valid for the current cycle time; however, it may be fired with different fuzzy values of the same life state which depends on the fuzzy values. RUL is estimated using the MAX fuzzy function which is applied on triggered fuzzy values. The MAX fuzzy function selects the maximum fuzzy value among the fired membership functions. This allows the RUL to be estimated in a fuzzy form, and therefore needs to be defuzzified. During the defuzzification stage, RUL is also scaled up so that the integration of the estimated RUL (in fuzzy form) reflects the maximum life cycle of the circuit.
As explained in Section VI, parameter α requires understanding the duration of each degradation domain; however (when samples are fed to the simulation one by one), the samples that cover the whole duration of the degradation domain are not available during the process of RUL estimation. A solution to this problem is to employ ΔV o1 /Δt instead of α that represents slop of V o1 that is time constant τ . To avoid spike affects while improving reasoning, a FIFO with storage length of 10 samples is used (see Fig. 9 ). V o1 (t) is obtained from the mean value of first half of FIFO, and V o2 (t-1) is obtained from the second half of FIFO. α is fuzzified along with amplitude of V o1 (t); and then, these are fed to the fuzzy knowledge base. Thus, α will be obtained from (7), assuming that α = 1/(2τ )
VII. VALIDATION Validating a prognostic model requires sufficient statistical data from a circuit that is aged under various operating conditions. This is needed to create a statistical model for a circuit's failure mechanisms. To enhance this model with such statistical behavior, a binominal distribution might be constructed using a collection of n trials from field data. So, for the purpose of this paper, we were limited to four aging data sets of IGBTs from Nottingham University. The cross-validation technique is employed here to validate our concepts, which relates to the prognostics of the Cuk converter (P Cuk ) being applied to its dual circuit (P D −Cuk ). Fig. 14 shows an algorithm for the cross validation technique employed in this paper. The proposed technique is employed to develop a damage model for Cuk converter based on data-driven approaches (see Fig. 6 ) and from using three sets of IGBT failure data obtained from Nottingham University to present failure in the Cuk converter. The damage model is then used to develop a prognostic model for the DCuk converter using the proposed techniques while the fourth data set is used as validation data. Based on the measurement points given in the validation data, collections of Dirac functions excite the circuit; and for each Dirac, energy relaxation time (t r ) is measured. Δt r is calculated based on nominal t r from the Cuk converter and actual t r from D-Cuk. Δt r , attenuation, and the current of the load (from D-Cuk) are used by the fuzzy RUL estimator to estimate the RUL of the Cuk converter's dual circuit. This process is repeated four times based on the cross-validation technique, so that each time, the Cuk converter's damage model is recreated using three new sets of IGBT failure data (train data); and then, the RUL of D-Cuk is estimated using the remaining data set as validation data.
For the purpose of validation and comparison with other techniques, a model-based prognostic is also created for the dual circuit of the Cuk converter using a particle filter. The results from each iteration of the cross validation loop, which is based on the data-driven approach (see Fig. 6 ), is compared with the prognostics results of the second approach. To pursue such a validation process, a failure model is considered for the dual circuit of the Cuk converter [see (8) ], which is based on simulation results given in Fig. 11
where I o2 is the current of the load, t is the time index (when the sample has been taken), p i1 to p i4 are parameters used by the particle filter estimation algorithm, and i = {1, 2, . . . , 6} is the number of clusters detected in the IGBT's failure data using the K-means and silhouette clustering tools of MATLAB. These parameters are related attenuation and energy relaxation time of circuit, and are updated by its likelihood during the prognostic process of IGBT accordingly [19] . Equation (8) has been used to develop a damage model for the dual circuit of the Cuk converter and also for the estimation algorithm based on the particle filter. We employed the same technique and programming codes as presented in [19] to develop system-level model-based prognostics. The estimated RUL using the algorithm given in Fig. 6 is compared with the estimated RUL using the particle filter for D-Cuk in Fig. 15 . In this figure, the RUL's confidence levels accounted based on 85% and 95% energy loss are also represented. The actual RUL for D-Cuk is estimated based on 90% energy loss. Ideally, it is expected that the life of a circuit is decreased as a negative ramp as nominal RUL shown in Fig. 15 . However, our simulation results show that the RUL is slightly wavy. The root-mean-square error (RSME) and the mean absolute error (MAE) performance function of 1.9555e+005 and 48.9259, respectively, accounted for the error between the actual RUL of D-Cuk estimated using the proposed algorithm and the particle filter (PF).
We realized that if a degradation profile is used for the Cuk converter; such that it is converted to a malfunction profile for its dual circuit so that the IGBTs in both circuits always remain in dual forms. Then, a duality relationship would be established between the transferred functions of these two circuits. For instance, Z c (t) is equal to Y dc (t), where Z c (t) is impedance of Cuk and Y dc (t) is admittance of D-Cuk. This is because as the degradation profile changes the IGBT of Cuk toward an open circuit; its malfunction profile also changes the IGBT of dual circuit toward a short circuit.
If the malfunction profile for the dual circuit of Cuk is not extracted from the degradation profile of the Cuk circuit, then Z c (t) will not be identical to Y dc (t). We can, however, conclude that if the whole process is repeated for a number of different degradation and malfunction profiles and that the mean value of Z c (t) and Y dc (t) are used for comparison; leads to meaningful similarity patterns to be found between Z c (t) and Y dc (t). Z mc (t) can be used for the mean value of Z c (d, t) and Y mdc (t) can be used for the mean value of Y dc (d, t), in situations where m refers to the mean value. Both Z mc (t) and Y mdc (t) can be used as prognostic models for the Cuk converter and its dual circuit. However, these two transfer functions are not exactly identical, but they would be more similar to one another if the process that is required to be executed to obtain the functions is repeated for various numbers of degradation and malfunction profiles for both circuits. The accuracy of the prognostic model can be further increased by implementing more intelligent algorithms that use stochastic, neural network, fuzzy and other techniques instead of a simple mean value functions. By implementing such intelligent algorithms also reflects the future aim and direction of our research. We should not forget that prognostics have always been a way to estimate the life cycle of devices and systems within different confidence levels. Confidence levels provide assurance that we can comfortably rely on the performance of an aged system. The critical point to consider is that the accuracy of prognostic models has always been under doubt and remains to be within margins of confidence levels. In summary, by using the prognostic model of a system for other systems where similarities in their properties (like duality) are found, would provide us with a more accurate and reliable representation of the state and condition of a system. This is assuming that the prognostics are developed from an adequate number of degradation profiles, and consist of the right minimum and maximum confidence levels.
The concept presented in this paper is applicable for systems with duality connection when both a circuit and its dual have the same components connected with different topologies. The reason for such a limitation is to guarantee that both circuits will experience the same degradation mechanisms under different working conditions. As a case study, for instance, both Cuk and D-Cuk converters are comprised from resistor, capacitors, inductances, IGBT, and diodes, while having dual topologies. Further research is needed to be conducted for situations where dual circuits are not comprised from the same components. We are going to carry on with our research to create a unified prognostic model that predicts the future damage and life state of all 33 different topologies of dc-to-dc converters with just one model.
VIII. CONCLUSION
In conclusion, this paper illustrates that the prognostics of systems that share similar properties in the form of duality can be applied to one another. This prognostic model is developed in the form of a time-dependant transfer function based on the degradation mechanisms related to a system's components, the values are subsequently altered over a certain period of time. A duality connection found within the degradation and malfunction profiles of a system can be established by having the prognostics assigned to a system's property. So, if we were to consider that the components of a system are aged, this will mean that their dual components in the dual circuit will be faced with malfunction. The accuracy of the developed prognostic model highly depends on the number of degradation profiles available; and the methodology used to train the time-dependant transfer function. The accuracy of this model can be guaranteed and expressed via the minimum and maximum confidence levels. However, this approach only applies to the Cuk converter and its dual circuit. However, it appears that the same technique can be applied for systems that have slightly similar mechanisms, components, properties, topologies, and degradation. Therefore, further research needs to be conducted for systems that are not in dual forms, especially for the purposes of exploring how the prognostic model of a system could be mapped to the prognostic model of another system.
The positive aspects of pursuing such a technique have been emphasized in the implementation stage of the inference engine for SLR and the SIPR. It additionally provides us with the required facility to transfer degradation knowledge and experiences between systems. This means that it would be much faster to develop prognostics for complex systems, like HDSs, which are used for certain applications such as aircraft while also decreasing the costs related to the accelerated aging tests and preparing degradation profiles. We essentially intend on pushing forward with our research, in order to apply this technique to developing a prognostic inference engine for various topologies of dc-to-dc converters.
